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Abstract

Bioavailable fractions of particulate-bound trace elements are key determinants of inhala-
tion toxicity, yet air-quality assessments typically rely on total metal concentrations, which
may underestimate health risks. This study integrates the exchangeable (F1) and reducible
(F2) fractions of trace elements in fine (PM2.5) and coarse (PM10) particulate matter with
multi-criteria decision-making (TOPSIS) and similarity-based classification (Czekanowski’s
method). Archival weekly-integrated samples from the summer season were collected at
eight industrially influenced sites in southern Poland. Sequential extraction (F1–F2) and
ICP-MS were applied to quantify concentrations of cadmium, cobalt, chromium, nickel, and
lead in PM2.5 and PM10. Aggregated hazard values were then derived with TOPSIS, and
site similarity was explored using Czekanowski’s reordered distance matrices. Regulatory
targets for cadmium and nickel, and the limit for lead in PM10 were not exceeded, but
F1/F2 profiles revealed pronounced site-to-site differences in potential mobility that were
not evident from total concentrations. Rankings were consistent across size fractions, with
site P1 exhibiting the lowest hazard indices and P8 the highest, while mid-rank sites formed
reproducible similarity clusters. The proposed chemical-fractionation and multivariate
framework provides a reproducible screening tool for multi-element exposure, comple-
menting compliance checks and supporting prioritisation of sites for targeted investigation
and environmental management. In the sustainability context, bioavailability-based indica-
tors strengthen air-quality assessment by linking monitoring data with health-relevant and
cost-effective management strategies, supporting efficient resource allocation and reducing
exposure in vulnerable populations.

Keywords: PM2.5; PM10; trace elements; sequential extraction; F1–F2 fractions; bioavailable
fractions; TOPSIS; Czekanowski’s method; multi-criteria decision-making; sustainable
air-quality management

1. Introduction
Particulate matter (PM), particularly fine (PM2.5) and coarse (PM10) fractions, con-

stitutes a major class of ambient air pollutants, with well-documented negative impacts
on human health and climate change, including direct radiative forcing, altered cloud
formation, and intensified climate warming. Within these particles, bioavailable trace
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elements represent particularly hazardous constituents, posing significant health risks due
to their toxicity and environmental persistence.

A WHO-supported meta-analysis of 106 cohorts reported a 9.5% increase in all-cause
mortality per 10 µg·m−3 PM2.5 [1]. In the EU-27, approximately 253,000 premature deaths
in 2021 were linked to PM2.5 above the 5 µg·m−3 WHO guideline [2], and emerging
evidence suggests a ≥14% higher dementia risk with chronic PM2.5 exposure [3]. Together
with associations to asthma, COPD, cardiovascular disease, lung cancer, diabetes, and
premature death [4], this underscores the substantial health burden of PM. Although PM10

is less represented in long-term cohorts [4], it has been linked to respiratory mortality
and pro-inflammatory airway responses, particularly in regions with resuspended coarse
dust [5–7]. Climate change projections indicate that rising temperatures may amplify PM
concentrations and associated health burdens [8].

The concentration and composition of PM are shaped by a complex interplay of
natural and anthropogenic sources, meteorological conditions, and regional transport [9,10].
Exceedances of regulatory limits for PM10 and PM2.5 result not only from direct emissions
but also from the atmospheric formation of secondary particles from gaseous precursors
such as SO2, NOx, NH3, and volatile organic compounds [11]. The chemical, physical, and
biological properties of PM—rather than mass concentration alone—are now recognized as
key determinants of its health effects [12].

Because such health impacts depend not only on particle mass but also on chemical
form, we next focus on the bioavailability and speciation of trace elements—proximate
drivers of inhalation toxicity and health risks.

Among the chemical constituents of PM, trace metals and metalloids are of partic-
ular concern due to their persistence, non-biodegradability, bioaccumulation potential,
and toxicity [13,14]. Elements such as lead (Pb), cadmium (Cd), arsenic (As), and nickel
(Ni) enter the atmosphere through fossil fuel combustion, industrial processes, traffic
emissions, and long-range transport [15,16]. Importantly, the health risks posed by these
metals depend on their chemical speciation and bioavailability, rather than merely their
total concentrations [17,18]. Only bioavailable forms—those mobilizable and absorbable
by living organisms—directly induce toxicological effects [19,20]. Therefore, total metal
concentrations alone may not adequately predict health risks.

Sequential extraction procedures have become standard methods for operationally
defining trace metal mobility and bioavailability in PM, partitioning them into ion-
exchangeable (F1) and carbonate/oxide-bound (F2) fractions [21,22]. Due to their high mo-
bility and chemical reactivity under physiologically relevant conditions, these fractions pose
a significantly greater direct risk to human health compared to metals bound in more stable
geochemical matrices. The exchangeable (F1) fraction comprises water-soluble and weakly
surface-bound species readily mobilized under neutral physiological conditions, such as
those encountered in airway surface fluids. The carbonate/oxide-bound (F2) fraction con-
sists of metals associated predominantly with carbonates and amorphous iron/manganese
oxides, which dissolve under mildly acidic or reducing conditions (approximately pH 5–6),
characteristic of lung fluids, atmospheric droplets, or polluted precipitation. Recent studies
confirm the sensitivity of F1 and F2 fractions to environmental variations in pH and redox
potential, highlighting their ecological and health risk relevance [21,22].

Significant knowledge gaps persist, notably the lack of harmonized protocols for
sequential extraction, limiting comparability across studies and regions [23]. Most air
quality monitoring and risk assessments still rely on total metal concentrations, potentially
underestimating risks associated with bioavailable fractions [20]. Moreover, data on the
spatial and temporal variability of mobile forms of carcinogenic and toxic elements in
PM remain scarce, particularly outside Europe and North America [24]. Given the global
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variability in PM composition and limited integrated bioavailability data from numerous
regions, this study provides essential comparative insights relevant to international air
quality standards and health risk assessment guidelines.

To address PM composition complexity and associated health risks, recent studies
have increasingly employed multivariate methods, such as TOPSIS [25], clustering ap-
proaches (e.g., hierarchical clustering, k-means), and factor/dimensionality-reduction
techniques such as principal component analysis (PCA) [26]. These methods integrate
multiple parameters—such as toxic element concentrations, source profiles, and environ-
mental variables—into synthetic indicators, enhancing air quality and risk assessments.
However, multivariate techniques are rarely applied to chemically fractionated PM data,
especially bioavailable metal forms. Despite PCA and clustering being successfully ap-
plied [26], and bioaccessibility being assessed in vitro [27], few studies integrate these
approaches. This methodological gap underscores the need for integrated frameworks that
combine chemically defined fractions with multivariate evaluation schemes for accurate
and policy-relevant air quality management [28].

This study introduces an innovative approach that integrates the operationally defined
exchangeable (F1) and reducible (F2) fractions of trace elements in PM2.5 and PM10—proxies
for bioavailability—with advanced multi-criteria decision-making (TOPSIS) and similarity-
based classification (Czekanowski’s method).

2. Materials and Methods
2.1. Study Area and Archival Data Source

This study analyses archival datasets collected at eight sites in southern Poland situ-
ated near industrial sources including coal-fired power plants and coking plants. Sampling
was conducted exclusively in summer to minimize the influence of the heating season, par-
ticularly low-stack residential emissions (near-ground releases from domestic coal/wood
stoves and small boilers) that are widespread in Poland. Four weekly 7-day sessions per
site were performed. Particulate matter was sampled at 1.5 m above ground level using
a Dekati® PM10 cascade impactor at 1.8 m3·h−1, which segregates particles into <1 µm,
1–2.5 µm, 2.5–10 µm, and >10 µm aerodynamic ranges. The present analysis focuses on
PM2.5 and PM10 only. Sites P1–P8, located in the vicinity of coal-fired power plants and
coking facilities, are shown in Figure 1; site-level input concentrations used in subsequent
analysis are compiled in Table 1 (PM2.5) and Table 2 (PM10). The sampling design and
regional context are consistent with the authors’ previous applications to ambient PM
and with the archival monograph documenting the underlying dataset collected in the
non-heating season [29–33].

Polycarbonate filters (Nuclepore, Whatman International Ltd., Maidstone, UK) were
used for impactor stages >1 µm, and Teflon filters (Pall International Ltd., New York, NY,
USA) for the <1 µm stage, in accordance with instrument specifications. Although different
filter materials were used for different particle size ranges, both filter types were validated
for trace metals recovery and yielded comparable extraction efficiencies under the applied
sequential extraction protocol [29–33]. Each weekly sampling session yielded one integrated
sample per stage and site. Material collected at each stage was processed independently
through the complete extraction and ICP-MS workflow; no pooling across weeks was
performed. For PM2.5, air volume-normalised concentrations from the <1 µm and 1–2.5 µm
stages were summed after analysis to derive site-level values for each chemical fraction (F1
and F2). For PM10, concentrations from the <1 µm, 1–2.5 µm, and 2.5–10 µm stages were
similarly summed post-analysis [29–33].
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Figure 1. Location of sampling sites (base map from http://mapa-google.pl/polska) (accessed on 12
September 2025). Source: Authors’ own elaboration.

Table 1. Average concentrations of trace elements in fractions F1 and F2 in PM2.5.

Fraction Measurement Point
Concentration of Trace Elements, ng/m3

Cd Co Cr Ni Pb

F1

P1 0.1590 0.0181 0.1770 0.2040 3.0400

P2 0.2380 0.0192 0.1620 0.1820 3.5300

P3 0.4390 0.0169 0.3900 0.2370 8.8100

P4 0.7050 0.0229 0.4080 0.2630 10.6000

P5 0.4450 0.0273 0.1870 0.8030 8.4000

P6 0.3850 0.0421 0.3600 0.3710 6.9200

P7 0.9900 0.0306 0.3090 0.5400 15.1000

P8 2.1500 0.0565 0.6390 0.3870 39.1000

F2

P1 0.0566 0.0092 0.4400 0.0529 4.1200

P2 0.0772 0.0092 0.4410 0.0611 7.0000

P3 0.0968 0.0107 0.1030 0.2460 8.9300

P4 0.1510 0.0092 0.0944 0.0656 9.3400

P5 0.1070 0.0073 0.4930 0.1900 8.2100

P6 0.0782 0.0124 0.5060 0.1160 7.9600

P7 0.1940 0.0084 0.5430 0.1040 18.9000

P8 0.5950 0.0227 0.5470 0.1250 72.6000

http://mapa-google.pl/polska
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Table 2. Average concentrations of trace elements in fractions F1 and F2 in PM10.

Fraction Measurement Point
Concentration of Trace Elements, ng/m3

Cd Co Cr Ni Pb

F1

P1 0.1660 0.0232 0.1890 0.2210 3.0700

P2 0.2460 0.0232 0.1740 0.2050 3.5600

P3 0.4840 0.0221 0.4270 0.2590 8.9000

P4 0.7190 0.0279 0.4210 0.2820 10.6000

P5 0.4680 0.0369 0.2030 0.8380 8.4700

P6 0.4060 0.0505 0.2070 0.4070 6.9700

P7 1.0700 0.0384 0.3470 0.6200 15.2000

P8 2.3100 0.0725 0.6900 0.4310 39.5000

F2

P1 0.0717 0.0145 0.6610 0.0717 5.0200

P2 0.1240 0.0177 0.6620 0.1160 8.7400

P3 0.1490 0.0153 0.1500 0.2850 12.5000

P4 0.2030 0.0183 0.1420 0.1190 11.3000

P5 0.1250 0.0155 0.7400 0.2370 10.5000

P6 0.1020 0.0263 0.7590 0.1840 9.7300

P7 0.3540 0.0209 0.8150 0.2180 26.5000

P8 0.9600 0.0552 0.8210 0.2350 10.4000

2.2. Chemical Fractionation F1–F2 and ICP-MS Analysis

Sequential extraction targeted two operationally defined fractions: F1 (highly mobile,
water-soluble/exchangeable; 15 mL ultrapure water, 3 h mixing at room temperature) and
F2 (potentially mobile under reducing conditions, bound to carbonates and metal oxides;
10 mL NH2OH·HCl 0.25 M, 5 h mixing). This protocol followed a previously validated
methodology developed by the authors [29–33]. Extracts were filtered at 0.45 µm prior
to quantification. Five trace elements of toxicological relevance (Cd, Co, Cr, Ni, Pb) were
analysed by ICP-MS (NexION 300D, PerkinElmer Inc., Waltham, MA, USA). Calibration
employed a CertPUR multi-element ICP-MS standard (Merck KGaA, Darmstadt, Germany).
Analytical accuracy was confirmed using ERM-CZ120 (European Commission, Joint Re-
search Centre, Geel, Belgium) and NIST SRM 1648a (National Institute of Standards and
Technology, Gaithersburg, MD, USA), yielding recoveries between 94–108%. Each batch
included procedural blanks; detection limits (LoD) ranged from 0.01–0.1 µg·L−1, depending
on the element. Analytical precision (RSD) was below 5%. Values below LoD were imputed
as LoD/2 for descriptive statistics and multi-criteria decision analysis (MCDM). Although
different filter materials were used across impactor stages, both were validated for trace
metal recovery, and no material-dependent correction factors were required.

Elements present in the F1 fraction (highly mobile, water-soluble) and in the F2 fraction
(potentially mobile under reducing conditions, associated with carbonates and metal oxides)
may contribute to toxicity and—when mobilized—become bioaccessible (and potentially
bioavailable), which can lead to adverse health effects. The carcinogenic risk (Excess
Lifetime Cancer Risk, ELCR) associated with trace elements at monitoring sites P1–P8 for
these mobile forms in PM2.5 and PM10, together with the underlying mathematical model,
is presented in reference [33]. In the present study, we use F1/F2 within multi-criteria
indices (TOPSIS) as a screening-level assessment aligned with inhalation bioaccessibility,
complementing compliance checks based on total concentrations.
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2.3. Data Analysis and Classification Methods

In the broadly understood assessment process, so-called synthetic measures play a
significant role. These measures are determined using methods for solving multi-attribute
decision-making (MADM) problems. These methods enable the construction of scalar
values (synthetic evaluation indicators) by incorporating numerical values of criteria and
the differentiation of assigned weights. The derived measures allow for the replacement of
an entire set of features describing an object (criteria, parameters, partial evaluations) with
a single variable representing an aggregated quantity. Among the methods used in solving
multi-attribute decision-making (MADM) problems, the following can be distinguished,
among others [34–36]:

• Additive methods, in which a matrix of normalized evaluations is determined, and the
selection is made based on the variant (object) with the highest total score. This group
of methods includes, among others: the Simple Additive Weighting (SAW) Method
and the Fuzzy Simple Additive Weighting (F-SAW) Method, which, as a modification
of SAW, employs fuzzy numbers.

• Analytical hierarchy methods and related approaches, in which independent criteria
and variants (objects) are compared in pairs. This enables the creation of a scale vector
and the ranking of variants. Examples of methods in this group include: Analytical
Hierarchy Process (AHP), Analytic Network Process (ANP) (a development of AHP),
and Ratio Estimation in Magnitudes or deciBells to Rate Alternatives which are Non-
Dominated (REMBRANDT).

• Verbal methods, which are primarily based on qualitative parameters for which an
objective aggregation model cannot be developed. Examples of verbal methods
include ZAPROS and ZAPROS III.

• ELECTRE family methods (ELECTRE I, ELECTRE IV, ELECTRE III), in which variants
(objects) are evaluated based on criteria to be maximized. Each criterion is assigned
a positive weight, a concordance coefficient is determined, and the condition of non-
discordance is verified. The final result is an outranking relation and a dependency
graph between the objects.

• PROMETHEE methods (PROMETHEE I, PROMETHEE II, PROMETHEE II + veto,
EXtension of the PROMETHEE method—EXPROM), in which objects (variants) are
compared in pairs based on the adopted evaluation criteria. Preference functions are
determined, and indifference and strict preference thresholds are defined. For each
pair of objects (variants), preference flows are calculated.

The Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) method
was applied in the manuscript. Alongside the Development Measure Method, VIšekriter-
ijumska Optimizacija i Kompromisno Resenje (VIKOR), and Decision-Making Trial and
Evaluation Laboratory (DEMATEL), it belongs to the group of methods utilizing reference
points. In this group, objects (variants) are compared against abstract reference solutions
(in the case of TOPSIS: the “ideal” and “anti-ideal” solutions). Subsequently, for each object
(variant), the distance to the reference solution(s) is determined.

As part of the calculations, “subjective” weights/evaluation criteria were assigned
to each trace-element concentration value. Unlike “objective” weights determined by
mathematical procedures (e.g., the Shannon-entropy–based method), the approach used
in this article reflects the preferences of the evaluators (the authors). Specifically, we
adopted an equal-weighting scheme (all criteria set to 1.0 for Cd, Co, Cr, Ni, and Pb) to
reflect a screening-level design, to avoid bias from uncertain toxicity scaling across size
fractions, and to keep the F1/F2 mobility signal transparent and reproducible. The absence
of differential weighting across criteria was a deliberate choice. Alternative objective or
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toxicity-informed weights (e.g., entropy-based, REL/RfC-based) can be explored in future
sensitivity analyses.

Using the TOPSIS method, the measurement sites (points P1 to P8) were treated
as objects in a multidimensional space, where each coordinate j corresponds to the con-
centration of a given trace metal (cadmium, cobalt, chromium, nickel, and lead). These
objects are compared against weighted reference solutions: the positive ideal solution
vector (pattern) and the negative ideal solution vector (antipattern) [34,37–44]. The
relationship between the coordinates of the pattern and the antipattern is shown in
Equations (1) and (2), respectively:

z+0j =

{
maxi

{
zij

}
f or stimulant variables

mini
{

zij
}

f or destimulant variables
(1)

z−0j =

{
mini

{
zij

}
f or stimulant variables

maxi
{

zij
}

f or destimulant variables
, (2)

where: zij—variable/parameter/coordinate after normalization.
In order to evaluate each object and facilitate its comparison with other objects, Eu-

clidean distances were calculated between the vector representing the object’s image and
the positive ideal vector d+io (Equation (3)), and between the object and the negative ideal
vector d−i0 (Equation (4)) [34,37–44]:

d+i0 =

√√√√ m

∑
j=1

(
zij − z+0j

)2
, (3)

d−i0 =

√√√√ m

∑
j=1

(
zij − z−0j

)2
, (4)

The best object is defined as the one for which its value vector has both the short-
est distance from the positive ideal vector and the longest distance from the negative
ideal vector.

The second method used in the manuscript is the Czekanowski method (also known
as Czekanowski’s diagram or the diagraphical Czekanowski’s method). It is a universal
statistical classification method.

In Czekanowski’s method, the rows and corresponding columns of matrix D are
reordered so that the smallest distance values—representing the most similar objects—are
positioned as close to the diagonal as possible. With increasing distance from the diagonal,
the values of the distance measures progressively increase (Equation (5)) [45–47].

D = |drs| , dlar, s = 1 , 2, . . . , n (5)

where:
drs—the distance between the r–th and s–th objects;
n—number of objects.
Whereas the TOPSIS method involves calculating Euclidean distances between each

object vector and both the ideal and anti-ideal solution vectors, Czekanowski’s method
computes distances between the objects themselves.

All distance measures are divided into several classes, each assigned a graphical sym-
bol. It should be noted that in Czekanowski’s method, the degree of fit is influenced by
various subjective factors, such as the assumed average difference between the analyzed
objects. The requirement for maximum concentration of objects along the main diago-



Sustainability 2025, 17, 9045 8 of 16

nal can only be achieved through successive approximations. As the final outcome of
applying Czekanowski’s method, a so-called ordered distance matrix between objects is
obtained. The resulting linear ordering of classified objects enables the identification of
clusters—groups of objects located close to each other in multidimensional space.

In the example presented in the manuscript, the MaCzek v. 3.0 program was used [48].
This application operates in the Windows system (Windows 95 and later) and allows for
the creation of diagrams for up to 250 objects and 100 descriptive features per object.

The final results obtained using the Technique for Order Preference by Similarity to
Ideal Solution (TOPSIS) may differ, even when based on an identical set of input variables,
due to the potential subjectivity involved in defining the weight vector W, which reflects
the evaluator’s preferences.

In the case of Czekanowski’s method, the outcome of the object-ordering procedure—and
the decision to accept a given arrangement as final—also depends on the preferences of
the analyst. The adopted graphical elements (e.g., symbols and colours) facilitate a visual
evaluation of the reordered distance matrix D, which in turn supports the decision of when
to terminate the iterative row and column rearrangement process.

3. Results and Discussion
The air sampling locations/measurement points/objects P1 to P8 were considered in

two different ways:

• in the case of determining the aggregated hazard values for trace elements contained in
the mobile fraction F1, collected through inhalation with PM2.5 and PM10, considering
them as points in a five-dimensional space (j ∈ ⟨1;5⟩), where: j = 1 corresponds to
cadmium concentration, j = 2 to cobalt concentration, j = 3 to chromium concentration,
j = 4 to nickel concentration, and j = 5 to lead concentration.

• in the case of determining the aggregated hazard values and considering them, to-
gether with the average concentration of trace elements in fractions F1 and F2, as
points in a ten-dimensional space (j ∈ ⟨1;10⟩), where: j = 1 corresponds to the con-
centration of cadmium in fraction F1, j = 2 to the concentration of cobalt in fraction
F1, j = 3 to the concentration of chromium in fraction F1, j = 4 to the concentration
of nickel in fraction F1, j = 5 to the concentration of lead in fraction F1, j = 6 to the
concentration of cadmium in fraction F2, j = 7 to the concentration of cobalt in fraction
F2, j = 8 to the concentration of chromium in fraction F2, j = 9 to the concentration of
nickel in fraction F2, and j = 10 to the concentration of lead in fraction F2.

The input data for calculating the aggregated hazard values using the TOPSIS method
are presented in Tables 1 and 2.

The analysis of trace element concentrations in fractions F1 and F2 revealed that the
lowest concentration was observed for object P1:

• cadmium:

– 0.1590 ng/m3 in the F1 fraction of PM2.5;
– 0.0566 ng/m3 in the F2 fraction of PM2.5;
– 0.1660 ng/m3 in the F1 fraction of PM10;
– 0.0717 ng/m3 in the F2 fraction of PM10;

• cobalt:

– 0.0145 ng/m3 in the F2 fraction of PM10;

• nickel:

– 0.0529 ng/m3 in the F2 fraction of PM2.5;
– 0.0717 ng/m3 in the F2 fraction of PM10;
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• lead:

– 3.0400 ng/m3 in the F1 fraction of PM2.5;
– 4.1200 ng/m3 in the F2 fraction of PM2.5;
– 3.0700 ng/m3 in the F1 fraction of PM10;
– 5.0200 ng/m3 in the F2 fraction of PM10.

The lowest concentration of Co in the F1 fractions of PM2.5 and PM10 was recorded
at object P3, with values of 0.0169 ng/m3 and 0.0221 ng/m3, respectively. In contrast, the
lowest concentration of Ni in the F1 fractions of PM2.5 and PM10 was observed at object P2,
with values of 0.182 ng/m3 and 0.2050 ng/m3, respectively.

The highest concentrations of trace elements were most frequently measured at
object P8. However, exceptions were noted for the concentrations of Ni in the F1 and
F2 fractions of PM2.5 and PM10, as well as for Pb in the F2 fraction of PM10.

In the vicinity of the eight studied sites, no exceedances of the target levels for Cd, Pb,
and Ni or the permissible level for Pb in PM10 were recorded [4]. Assessment against regu-
latory targets cannot be performed for trace elements in PM2.5 because Polish legislation
does not specify target values for this size fraction. Nonetheless, regulatory compliance
does not imply absence of health-relevant concern: the exchangeable (F1) and reducible (F2)
fractions revealed site-specific mobility patterns indicative of inhalation bioaccessibility
and potential toxicity. This highlights the added value of our approach, since bioavailable
fractions may pose risks even below legal thresholds. To address this, we applied TOPSIS
to integrate multi-element F1/F2 data into aggregated hazard indices, which consistently
ranked sites from lowest to highest concern, thereby providing a reproducible screening
framework that complements compliance checks. Taken together, these findings underscore
that assessments based on total concentrations may underestimate potential risks, because
the bioavailable fractions (F1 and F2) represent mobilizable fractions more directly relevant
to inhalation exposure and toxicity. Accordingly, incorporating F1/F2 into multi-criteria
indices provides a screening-level perspective that complements (rather than replaces)
compliance checks based on total concentrations.

The determined values qi represent aggregated/synthetic values, based on which it can
be concluded that object P1 was the best rated. This object was characterized by the highest
values of the aggregated variable, considering the concentrations of the abovementioned
trace elements in the F1 fraction of PM2.5 and PM10 (q1 = 0.9805 and q1 = 0.9847, respec-
tively), as well as when considering the combined F1 and F2 fractions of PM10 (q1 = 0.8657).

Similarly to the single-criterion assessments (which involved analyzing the concen-
trations of individual elements in the atmosphere separately), the worst results in the
multicriteria evaluation were also observed for objects P5, P7, and (especially) P8. Site
P8, with the lowest value of q 8 among the diagnosed sites, ranked last in all the partial
rankings (see Tables 3 and 4):

– q 8 = 0.2133 in the F1 fraction of PM2.5;
– q 8 = 0.2018 for the combined F1 and F2 fractions in PM2.5;
– q 8 = 0.1949 for the F1 fraction in PM10;
– q 8 = 0.2404 for the combined F1 and F2 fractions in PM10.

Table 3. Ranking of objects for the F1 and F2 fractions in PM2.5.

Ranking of Objects for the F1 Fraction Ranking of Objects
(for the F1 and F2 Fractions)

No. Object Number i qi No. Object Number i qi

1 1 0.9805 1 1 0.8693
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Table 3. Cont.

Ranking of Objects for the F1 Fraction Ranking of Objects
(for the F1 and F2 Fractions)

No. Object Number i qi No. Object Number i qi

2 2 0.9703 2 2 0.8636

3 3 0.8048 3 4 0.8010

4 4 0.7374 4 6 0.7431

5 6 0.7347 5 3 0.7399

6 5 0.6613 6 5 0.6858

7 7 0.6038 7 7 0.6506

8 8 0.2133 8 8 0.2018

Table 4. Ranking of objects for the F1 and F2 fractions in PM10.

Ranking of Objects for the F1 Fraction Ranking of Objects
(for the F1 and F2 Fractions)

No. Object Number i qi No. Object Number i qi

1 1 0.9847 1 1 0.8657

2 2 0.9767 2 2 0.8449

3 3 0.7948 3 4 0.7795

4 6 0.7829 4 3 0.7471

5 4 0.7480 5 6 0.7375

6 5 0.6739 6 5 0.6811

7 7 0.5948 7 7 0.5360

8 8 0.1949 8 8 0.2404

To identify similar sites, the authors of the manuscript propose using a method of
multicriteria assessment (the Czekanowski method), in which objects are compared with
each other (see Figures 2 and 3).

(a) (b) 

where: distances between objects: 
 0–2.291 
 2.291–4.914 
 4.914–7.090 
 7.090–28.538 
 ≥28.538 
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 0–2.923 
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 11.815–69.402 
 ≥69.402 
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Figure 2. Czekanowski’s diagram–grouping of objects based on the concentration of trace elements:
(a) in the F1 fraction of PM2.5; (b) in the F1 and F2 fractions of PM2.5. Source: Own elaboration.
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where: distances between objects: 
 0–2.226 
 2.226–4.956 
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 ≥28.945 
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 3.562–6.563 
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 15.904–28.978 
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Figure 3. Czekanowski’s diagram–grouping of objects based on the concentration of trace elements:
(a) in the F1 fraction of PM10; (b) in the F1 and F2 fractions of PM10. Source: Own elaboration.

The application of Czekanowski’s method for grouping objects based on the concentra-
tions of trace elements in the F1 and F2 fractions of PM2.5 revealed the following:

• For the F1 fraction in PM2.5, three subsets characterized by the highest similarity of
elements/objects could be identified: {P1; P2}, {P3; P5; P6}, and {P3; P4}, where the
distances between objects did not exceed 2.291. Considering an increased distance
of up to 4.914 between objects P1 and P6, P2 and P6, P5 and P4, and P6 and P4 the
resulting sets were {P1; P2; P6} and {P3; P4; P5; P6};

• When considering the F1 and F2 fractions together in PM2.5, two subsets with the
highest similarity of elements/objects could be identified: {P3; P5; P6} and {P3; P4; P5},
with distances between objects not exceeding 2.923. If the distance between objects P6

and P4 increased to 5.643, a single subset of the most similar objects was observed: {P3;
P4; P5; P6}.

This suggests that, for instance, in the case of an object located in an area where
the average concentrations of cadmium, cobalt, chromium, nickel, and lead in the F1
fraction were recorded as 0.1590 ng/m3, 0.0181 ng/m3, 0.1770 ng/m3, 0.2040 ng/m3,
and 3.0400 ng/m3, respectively (object P1), and another object in a region where the cor-
responding average concentrations of these elements were 0.2380 ng/m3, 0.0192 ng/m3,
0.1620 ng/m3, 0.1820 ng/m3, and 3.5300 ng/m3 (values characterizing object P2), a similar
or comparable risk associated with the combined/simultaneous impact of carcinogenic
elements on human health was observed.

A similar approach can be applied to group objects based on the concentrations of trace
elements in the F1 and F2 fractions of PM10:

• When evaluating the content of the F1 fraction, three subsets characterized by the
highest similarity of elements/objects could be identified: {P1; P2}, {P3; P5; P6}, and {P3;
P4}, with distances between objects not exceeding 2.226. Here as well, increasing the
distances between objects, P1 and P6, P2 and P6, P5 and P4, and P6 and P4, up to 4.956
resulted in the formation of the following groups: {P1; P2; P6} and {P3; P4; P5; P6};

• When considering the F1 and F2 fractions together in PM10, two three-element subsets
could be distinguished: {P3; P4; P5} and {P3; P5; P6}, where the distances between
objects did not exceed 3.562. Allowing for greater distances between objects P4 and P6

(up to 6.563) yielded a single four-element subset: {P3; P4; P5; P6}.
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To place our findings in context, the measured concentrations of particulate-bound
trace elements in PM2.5 and PM10 are broadly consistent in order of magnitude with
ranges recently reported for Polish urban/industrial sites [49,50] and with pan-European
datasets [51]. We also note that datasets resolving the exchangeable (F1) and reducible (F2)
fractions remain scarce in both Europe and Asia [22,52]. Recent Asian studies [27,53]—for
example, Hotan, China [27]—report general ranges that overlap with those observed in
urban/industrial settings, providing contextual benchmarks for pollution levels and health-
relevant risk assessments, while regional source mixes and methodological differences may
lead to site-specific deviations.

In this context, our study introduces an innovative approach that integrates the opera-
tionally defined exchangeable (F1) and reducible (F2) fractions of trace elements in PM2.5

and PM10—proxies for bioavailability—with advanced multi-criteria decision-making
(TOPSIS) and similarity-based classification (Czekanowski’s method). This speciation-
informed, multi-criteria framework provides a reproducible screening layer that links
mobility to health-relevant hazard rankings and site similarity, complementing compliance
checks and guiding the prioritization of locations and elements for follow-up dose-based
quantitative health risk assessment.

Because sampling was restricted to summer to minimize low-stack residential emis-
sions, our findings reflect warm-season conditions. Multi-season campaigns (autumn–
winter–spring) are planned to verify rank stability and characterize seasonal variability in
F1/F2 profiles.

The results of trace element concentration measurements were undoubtedly influenced
by the location of the monitoring sites themselves: the character of the area (rural or
urban environment), proximity to industrial plants (coking plants, power stations), and
atmospheric conditions.

Specifically:

• Site P1 was located in a suburban area of the Silesian Voivodeship, in the vicinity of an
operating power plant with a capacity of 1775 MW; population: 2300.

• Site P2 was located in a rural area of the Opole Voivodeship near an operating power
plant with a capacity of 1492 MW; population: 520.

• Site P3 was also located in a rural area, in the Małopolskie Voivodeship, near an
operating power plant with a capacity of 786 MW; population: 700.

• Site P4 was located in the suburbs of a city in the Silesian Voivodeship, in the immediate
vicinity of a power plant with a capacity of 1345 MW; population: 95,500.

• Site P5 was located in a suburban area of the Silesian Voivodeship, in the immediate
vicinity of a coking plant; population: 27,300.

• Site P6 was located in a small suburban district (population: 3300) of a city in the
Silesian Voivodeship, surrounded by a small operating coking plant.

• Site P7 was also located in a small suburban district (population: 700) of a city in the
Silesian Voivodeship, in the vicinity of a large coking plant.

• Site P8 was located on the outskirts of a large city in the Silesian Voivodeship (popula-
tion: 174,700), in the immediate vicinity of a coking plant. The 45-chamber coke battery,
built after World War II, is still in operation, with a current production capacity of up
to 250,000 tons of coke per year (heating coke, blast furnace coke, low-phosphorus
coke, foundry coke, and small coke).

Measurements and detailed analyses of meteorological conditions (wind speed and
direction, etc.) were not carried out. At present, the use of the mobile laboratory of the
Silesian University of Technology is planned in this regard.
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4. Conclusions
The study employed advanced analytical techniques and mathematical modelling

methods to evaluate air quality, with a particular focus on particulate matter (PM) and
its associated trace elements, especially their chemically defined bioavailable forms,
which are key determinants of inhalation toxicity and environmental mobility. Applying
multicriteria comparative methods (TOPSIS and Czekanowski’s method) allowed a
thorough examination and classification of locations based on air-quality indicators
and highlighted significant differences in the mobility and potential bioavailability of
selected trace elements.

Environmental measurements presented in this research revealed no exceedances of
WHO standards or permissible levels established by Polish legislation for PM10, respirable
PM2.5, and associated trace elements (Cd, Co, Cr, Ni, and Pb). However, the adopted
methodological framework provided deeper insights compared to standard compliance
checks based solely on total metal concentrations. Using operationally defined fractions
(exchangeable F1 and reducible F2), distinct site-specific differences in element mobility
were identified, offering a more nuanced perspective on potential health risks.

The applied scalar multicriteria techniques effectively facilitated processing extensive
datasets describing anthropogenic impacts, demonstrating their utility in effectively rank-
ing and classifying locations according to air-quality parameters. Such synthetic indicators
constitute valuable complements—rather than substitutes—to traditional air-quality assess-
ment frameworks, enabling simultaneous consideration of multiple pollutants and factors
influencing environmental health.

Beyond its screening function, the speciation-informed, multi-criteria framework pro-
vides actionable guidance for air-quality management. Sites with elevated TOPSIS hazard
indices (e.g., P8) should be prioritized for enhanced, multi-season monitoring (includ-
ing simulated-lung-fluid bioaccessibility tests), and for targeted source-oriented audits at
nearby industrial facilities (e.g., capture efficiency, enclosure of emission points, fugitive-
dust control, housekeeping). Similarity clusters can support regional coordination by
identifying municipalities with comparable source profiles and enabling joint interventions
and resource sharing. Incorporating F1/F2-based indicators as trigger metrics in local air-
quality plans would align monitoring with health-relevant risk, complement compliance
checks based on total concentrations, and help prioritize cost-effective emission-reduction
measures and risk communication for vulnerable groups.

A critical methodological gap remains in assessing the toxicity and bioavailability of
particulate-bound trace elements exclusively from total concentrations. Future research
should integrate biological assays (e.g., lung-fluid simulations, oxidative potential assess-
ments) with multicriteria decision-making frameworks to better understand the actual
health risks posed by airborne pollutants.

This study builds upon the authors’ previous work, confirming the analytical robust-
ness and environmental significance of fractions F1 and F2 as indicators for evaluating
mobility and toxicity. Recent international research further supports combining chemical
fractionation and multivariate statistical methods to enhance the predictive accuracy and
ecological relevance of particulate matter analyses.

In conclusion, integrating chemically defined fractions with advanced statistical ap-
proaches provides a reproducible, scalable method for assessing air quality and prioritizing
management actions. Such an integrated approach is recommended for supporting environ-
mental decision-making, informing public health policies, and identifying areas requiring
more detailed investigation or remediation.
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